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Research Summary:
The current study analyzes the crime reduction effect of a police sub-station operating within a
business improvement district in Newark, NJ. Synthetic control methods were used to create a
control group that was statistically equivalent to the cumulative street units in the target area.
Significant reductions of burglary and motor vehicle theft were observed in the target area as
compared to a synthetic control area over the post-intervention period. Robbery and theft from
auto, conversely, suffered from spatial displacement. Of the six police actions included in the
process evaluation, quality-of-life summonses and directed patrols increased in the postintervention period, while parking summonses significantly decreased.
Policy Implications:
Results of this study suggest that the effect of sub-stations on crime likely depends on certain
contextual factors. Newark’s sub-station was not a stand-alone facility, but the headquarters of a
police unit given jurisdiction over the target area. Therefore, the opening of the sub-station
represented an increase in visible police presence. The effect of the sub-station was heightened
when accompanied by increases in proactive policing activities. Agencies wishing to effectively
address robbery and theft from auto may have to design sub-station strategies in a manner that
better influences offender decision making in order to prevent displacement.
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Introduction
Over recent decades, the reactive strategies of policing’s professional era have slowly given way
to proactive strategies incorporating high levels of focus on identifiable problems, implementing
a diversity of approaches, and targeting places, not just people, for intervention (Lum and Koper,
2017; Weisburd and Eck, 2004). Policing scholars, particularly those focused on community
policing, have argued that changes to the organizational structure of police agencies are needed
to better facilitate the delivery of such evidence-based practices (Cordner, 2005; Skogan, 2006).
Such organizational changes can be accomplished through decentralized command structures
that diffuse crime control responsibilities throughout the agency. Decentralized command
structures represent a stark contrast from the top-down paramilitary structure that came to define
policing during the professional era (Skogan, 2018).
A method of decentralization highlighted within the community police literature is the
establishment of police sub-stations. Sub-stations provide a decentralized structure, with
commanders responsible for a concise target area rather than the larger geographies that
traditionally organize police services, such as patrol divisions or precincts. The surrounding
community may also influence the functions of a sub-station. Relevant to the current study, a
sub-station operating within a central business district must address crime threats posed by an
abundance of high-activity nodes while simultaneously responding to calls for improved public
safety from resident, commuter, and business communities (Haberman and Stiver, 2018). Within
such commercial areas, sub-stations may operate in conjunction with Business Improvement
Districts (BIDs) that can shift crime prevention from a purely police responsibility to a
collaborative function shared across public and private stakeholders. Similar to sub-stations,
BIDs can promote a sense of geographic decentralization by focusing public safety efforts

1

towards a specific district within a jurisdiction. The decentralization afforded by sub-stations
and/or BIDs may also provide necessary conditions for causal mechanisms of crime reduction to
take hold. Police officers operating within such a specialized area may be better positioned to
conduct proactive activities than they would be in a command primarily tasked with responding
to citizen calls for service. Sub-stations and BIDs may further increase police presence and
related crime prevention resources within high-crime places, an approach with an established
track record of success (Braga, Papachristos, and Hureau, 2014; Skogan and Frydl, 2004).
The current study contributes to the literature through an evaluation of a sub-station
opened by the Newark, NJ Police Department (NPD) in a target area within the downtown
district of the city. Opening in September 2012, the sub-station was the outcome of a
public/private partnership, with the Newark Downtown District (NDD), the official BID of the
area, funding the building renovations and committing additional resources in the target area.
Results suggest that the sub-station generated mixed effects on crime. Significant reductions of
burglary and motor vehicle theft were observed in the target area as compared to a synthetic
control area over the post-intervention period. The effect on motor vehicle theft was especially
strong, extending throughout the entire six-year post-intervention period and including a
diffusion of benefits effect. Robbery and theft from auto, conversely, suffered from spatial
displacement. Of the six police actions included in the process evaluation, quality-of-life
summonses and directed patrols increased over the last three years of the post-intervention
period, while parking summonses significantly decreased over this same time period. This article
concludes with a discussion of the policy implications of the study’s findings. We begin with a
review of the relevant literature.
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Review of Relevant Literature
Decentralization and Police Sub-Stations
Many community policing advocates view structural changes in police organizations and
decentralized command structures fundamental elements of problem-solving (Gianakis and
Davis, 1998; Maguire, 1997; Mastrofski, 1998; Redlinger, 1994). As explained by Skogan
(2006: 36-37) decentralization can take two forms. The first, spatial decentralization, allocates
responsibility for managing and deploying crime-prevention resources to mid-level commanders
in charge of concise geographies. The second, decentralized decision-making, affords mid-level
commanders the discretion and authority to devise and deploy strategies within the geography
they oversee. A sub-station, by definition, achieves spatial decentralization by granting a unit
jurisdiction over an area typically smaller in scope than police precincts or sectors. Whether
decentralized decision-making occurs depends on the organizational structure of the sub-station.
Decentralized decision-making is most prominent when a sub-station commander enjoys
autonomy in setting strategic priorities in her jurisdiction. When a sub-station commander
answers directly to the commander of a larger organizational unit, such as an encompassing
precinct, then the sub-station may not truly allow for decentralized decision-making.
Empirical research on sub-stations has found they can help generate positive community
attitudes towards police and reduce fear of crime (Pate, Wycoff, Skogan, and Sherman, 1986;
Rosenbaum and Lurigio, 1994; Skogan and Wycoff, 1986; Wycoff, Skogan, Pate, Sherman, and
Annan, 1985). Police officers assigned to sub-stations have also reported high levels of support
for community outreach and community policing generally (Moon, McCluskey, and Lee, 2005).
Research finds sub-stations are less effective in addressing crime occurrence. Sherman and Eck
(2002) found that sub-stations (which they termed “police storefronts”) were a popular but
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ineffective method of crime control. This reflects the evidence on community policing generally,
with the tactic having a greater effect on citizen satisfaction, perceptions of disorder, and police
legitimacy than crime (Gill, Weisburd, Telep, Vitter, and Bennett, 2014).
Business Improvement Districts (BIDs)
BIDs represent a promising approach in harnessing the capacity of private businesses to
contribute to community well-being. BIDs commonly incorporate a self-imposed financing
mechanism, binding upon all business and property owners in the given district, with the
generated revenue funding key neighborhood services (Mitchell, 2001). BIDs do not exclusively
focus on crime prevention, as the services funded often involve a range of activities such as
sanitation and physical maintenance of buildings (Brooks, 2008). Nonetheless, research has
found BIDs to be associated with significant crime reductions in a number of instances.
Hoyt (2004) found that BIDs in Philadelphia were associated with decreased levels of
crime, as compared to commercial areas absent BIDs. Brooks (2008) found that the
establishment of BIDs in Los Angeles led to 57 fewer crimes being reported to the police per
year, a 10% reduction from the pre-BID level. A follow-up to Brooks’ evaluation found marginal
effects on total violent crime rates but significantly larger reductions on robbery rates
(MacDonald et al., 2009). Cook and MacDonald (2011) found that Los Angles BIDs were cost
effective, with every $10,000 spent by a BID on crime control strategies generating over
$200,000 in societal benefits. However, Clutter, Henderson, and Haberman (2019) found
Cincinnati street blocks within BIDs experienced higher street robbery counts than street blocks
in other areas of the city. This findings suggests that, despite their promise, BIDs may provide
ample opportunity for criminal activity (Clutter, Henderson, and Haberman, 2019). Such
enhanced levels of crime opportunities may be a by-product of the central business districts that
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BIDs typically cover, which typically encompass a large number of high-activity nodes that can
present crime prevention challenges (Haberman and Stiver, 2018).
Police Proactivity, Enforcement, and Presence as Crime Prevention Mechanisms
Contemporary policing has benefitted from rigorous evaluation research identifying a number of
effective strategies that agencies should include in their crime prevention portfolios. A common
feature of effective strategies is police officers carrying out their control functions in a proactive
manner, rather than being primarily reactive to crime events (Lum and Koper, 2017; Weisburd
and Eck, 2004). As such, proactive policing has become a staple of many evidence-based
policing strategies. A report by the National Academy of the Sciences (2018) categorized police
proactivity across four (sometimes overlapping) typologies: place-based, problem solving,
person-focused, and community-based. Within each of the typologies, the precise police
activities conducted can differ significantly from general law enforcement actions to more
tailored and collaborative approaches (Lum et al., 2018).
Given the range of activities conducted during place-based policing interventions, it is
difficult to determine the precise officer activities that most directly generate crime reductions
(Haberman, 2016). Certain studies provide evidence that crime decreases can result from
traditional law enforcement activities, such as arrests, field stops, and citations (e.g. Piza, Caplan,
Kennedy, and Gilchrist, 2015; Rosenfeld, Deckard, and Blackburn, 2014; Sherman and Rogan,
1995) while others indicate focused policing can generate significant crime reductions absent
reliance on traditional enforcement actions (e.g. Ariel, Weinborn, and Sherman, 2016; Braga,
Welsh, and Schnell, 2015; Piza, 2018a). This latter research illustrates a prevention mechanism
through which police officers de-emphasize formal enforcement in favor of conspicuous
presence and more informal community engagement (Nagin, Solow, and Lum, 2015).
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Nagin and Weisburd (2013) reviewed a number of natural experiments that found support
for the effect that increases in such conspicuous police presence can have on crime rates. Most
related to the current study, Klick and Taborrok (2005) found that the increase in police officers
assigned to the National Mall in Washington, DC following heightened terror alerts after the
9/11 terror attacks generated significant reductions in crime. A similar finding was observed by
Draca, Machin, and Witt (2011) in London, with increased police presence in response to the
2005 bombings of London’s transport system generating significant crime reductions in target
boroughs as compared to boroughs absent such measures.
Literature Review Summary and Scope of the Current Study
Police sub-stations and BIDs can serve as mechanisms in achieving decentralization, which
community police research suggests is key in enhancing public safety. While research has found
little evidence of sub-station effect on crime, BIDs have demonstrated an ability to generate
substantial crime reductions. While causal mechanisms have typically not been tested in this
body of research, Weisburd and Eck (2004) found that focused tactics and problem-solving
bolster the effect of policing efforts. Decentralized command structures can also support higher
levels of police proactivity, which can generate crime control benefits. This evidence is
consistent with prior research indicating that increased police presence, especially when
concentrated within geographic crime hot spots, can be a causal mechanism of crime reduction.
It is with these issues in mind that we designed the current study. We test the crime
control effect of a sub-station opened by the NPD in downtown Newark. The sub-station serves
as the headquarters of NPD’s Metro Division, which provides a proactive policing capacity not
incorporated in prior sub-stations. NPD’s sub-station also operated as part of a partnership
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between the NPD and NDD, a not-for-profit BID. For these reasons, we hypothesized that the
sub-station would have a significant effect on crime.

Methodology
Study Area
Downtown Newark is the center of commerce and primary transportation hub of the city. Similar
to central business districts generally (Clutter, Henderson, and Haberman, 2019; Haberman and
Stiver, 2018), downtown Newark contains a number of high-activity nodes that can operate as
crime generators or attractors (Brantingham, and Brantingham, 1995), such as bus stops, take-out
eateries, retail stores, and illicit narcotics and counterfeit merchandise markets (Bernasco and
Block, 2011). Downtown Newark is also home to the NDD, a non-profit business improvement
district established by city ordinance in 1998. Perhaps the most visible component of the NDD’s
revitalization efforts are Quality of Life (QOL) ambassadors who travel throughout the
downtown area (not just the sub-station target area) on foot for the purpose of identifying and
rectifying problems that may impact the community. When they observe crime or disorder, QOL
ambassadors report the incident via the two-way radio to request a police response (Roman,
2011). From discussions with NDD official as well as review of their data, we determined that
QOL ambassador reports predominantly relate to social (e.g. public intoxication, aggressive
panhandling, etc.) and physical (e.g. illegal dumping, vandalization, etc.) disorder.
In September 2012, the longstanding collaboration between the NPD and NDD
culminated in the opening of a 3,500 square-foot police sub-station in downtown Newark. NPD
and NDD officials established the sub-station in response to a number of public safety concerns
within the downtown area, including persistently high crime levels, poor quality of life
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conditions, and a general negative perception by potential developers and visitors to the city
(Roman, 2011).1 NPD’s Metro Division uses the sub-station as its headquarters. Originally, a
Captain oversaw the Metro Division, responsible for policing a 0.35 square-mile target area that
lies within the larger downtown Newark area (see Figure 1). Beginning in January 2016,
following the appointment of a new Public Safety Director, officers at the rank of Lieutenant
were assigned as commanders of the Metro Division. However, throughout the entire study
period, the sub-station operated within the encompassing jurisdiction of NPD’s 3rd Precinct. The
commander of the 3rd Precinct set the overall strategy and priorities for the sub-station, with the
sub-station commander responsible for managing the day-to-day operations. As such, the
downtown sub-station seems to have achieved spatial decentralization in the absence of true
decentralized decision-making (Skogan, 2006).
The Metro Division deploys a minimum of 12 officers each day within the sub-station
target area. The officers conduct a mixture of foot and motor vehicle patrols across two eighthour shifts on a daily basis. With six officers typically patrolling the target area during a given
shift, the sub-station target area had heightened police presence as compared to typical
operations, with NPD’s patrol sectors typically patrolled by a single patrol unit (totaling 2
officers) during all tours of duty (Piza & O’Hara, 2014). In addition, the undetermined number of
uniformed QOL ambassadors in the target area may have added to the visible presence of
uniformed personnel on a daily basis (Ariel, Weinborn, and Sherman, 2016). As such, the substation can be considered as employing a saturation patrol strategy.

1

NPD and NDD officials informed us that their partnership as well as the operations of the sub-station were
informed by similar efforts in Philadelphia’s Center City District. The Center City District BID deploy uniformed
Community Service Representatives, similar to Newark’s Quality of Life Ambassadors. The Community Service
Representatives maintain radio contact with Philadelphia Police Officers deployed out of a sub-station in the Center
City District (see: https://www.centercityphila.org/ccd-services/public-safety/csr).

8

Figure 1. Downtown District Sub-Station Target Area

A memorandum of understanding (MOU) established the roles and responsibilities of the
NPD and NDD in the operation of the sub-station. The NPD pays for the cost of all utilities,
including telephone, fax, electricity, heat, and internet. The NDD funded the renovation and
furnishing of the building space and paid the monthly rent for the sub-station. The NDD added a
crime analyst position to its staff to assist the NPD in tracking geospatial crime trends in the
downtown area. The NDD funded civilian receptionists to staff the front desk of the sub-station.
Coinciding with the opening of the sub-station, the NDD increased its number of QOL
ambassadors from 15 to 25. The original MOU was for a three-year period, from the opening of
the sub-station in September 2012 through the end of August 2015. Despite both the NPD and
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NDD reporting satisfaction with the sub-station and the general partnership, the parties never
entered into a second MOU.2
To measure the effect of the sub-station over time, as well as account for the evolving
role of the NPD/NDD partnership in the operation of the sub-station, our analysis estimates
effect across two distinct time periods: 1) the initial three-year program period (9/1/2012 –
8/31/15), and; 2) the period subsequent to the expiration of the MOU (9/1/15 – 7/23/18), as this
may have been indicative of important changes in the nature of the sub-station operations,
particularly as it pertained to the interests of the private BID. We truncated the second threeyear period due to substantial changes in the functioning of the sub-station. Beginning 7/24/18,
the sub-station target area expanded to include the entire downtown Newark area as well as the
geography to the immediate North and South. This expanded the size of the target area from 0.35
to 0.86 square-miles. Coinciding with this expansion, a second sub-station was opened to the
north of downtown Newark to facilitate coordination of Metro Division activities throughout the
target area. Restricting the study period to 7/23/18 ensures we measure only the effect of the
original sub-station and related crime control efforts.

2

This resulted from a disagreement regarding the re-location of the sub-station to a newly renovated facility in
downtown Newark, which the NDD financed. The NDD planned to move their corporate offices to this new facility
by early 2016 and wanted the sub-station to move to a storefront within the building. The NPD preferred that the
sub-station remain at its current location, given its close proximity to numerous high-crime street units. The two
sides never reached common ground, culminating with the NDD refusing to finance the sub-station if the NPD did
not move locations. The situation was rectified when the landlord of the existing sub-station, who owns a number of
properties in the immediate vicinity, offered to waive the monthly rent if the sub-station remained in the building.
The landlord saw the presence of the sub-station as beneficial to the immediate surrounding area. The NPD agreed
to this arrangement and remains in the original sub-station to this day. Outside of paying the monthly rent, the NDD
maintained funding for the additional QOL ambassadors and crime analyst. However, the crime analyst’s office was
moved to the NDD headquarters, out of the sub-station. The NPD and NDD also ceased the joint meetings between
the sub-station commander and NDD leadership, meant to identify and devise solutions to crime problems in the
target area.
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Unit of Analysis
This study follows the approach developed by Braga, Papachristos, and Hureau (2010) to include
both street segments and street intersections as the unit of analysis. Street segments represent
“the two block faces on both sides of a street between two intersections” and are both small
enough to avoid aggregation issues, such as the ecological fallacy, and large enough to avoid
coding errors associated with smaller units such as addresses (Weisburd, Bushway, Lum, and
Yang, 2004: 290). While the use of street segments provides specific theoretical and practical
benefits over larger units of analysis, such as neighborhoods or police districts, they suffer from
certain technical limitations. Crimes occurring at intersections do not fall within a single street
segment, but rather overlap with all street segments that comprise the intersection. Furthermore,
police officers commonly record the location of crime incidents as the intersection of two streets
rather than assigning a specific address on a street segment (Braga, Hureau, and Papachristos,
2011: 15). In light of these considerations, street intersections were created through
geoprocessing techniques in the ArcGIS 10.4.1 software, which generated points at every
location in Newark where two or more streets intersected.3 Jointly, street segments and street
intersections are considered street units in the current study. This process resulted in a total of
4,081 street intersections and 6,166 street segments (N=10,247 street units) in Newark. 194 street
segments and 120 intersections (N=314 street units) fall within the sub-station target area.

3

Researchers manually reviewed the street units to eliminate false positives in the data, which primarily occurred
for two reasons. First, “intersecting” streets in a GIS may not actually intersect in the real world. For example, a
highway overpass does not intersect with the below streets, but they “intersect” within a two-dimensional GIS,
leading to the inaccurate placement of points. Second, single street segments are often broken into separate parts
within a GIS despite there being no “end” to the road (Reid and Andresen, 2014). While this may be done for
purposes of geocoding accuracy (e.g. parcel addresses may be evenly spaced at the beginning of a street segment
and more closely distributed towards the end) it results in the placement of points where there is no street
intersection and the presence of multiple street segments where there should only be one. To correct these errors,
researchers visually reviewed each street unit within a GIS (using aerial imagery base maps) to ensure their
accuracy, deleting points and combining separate street segments when necessary.
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Outcome and Output Measures
Our evaluation tested the effect the opening of the sub-station had on six crime types:
aggravated assault, burglary, murder, theft from auto, motor vehicle theft, and robbery.4 Crime
data were provided as GIS shapefiles with each crime incident represented as a point. 99.8% of
crime events were assigned XY coordinates by the NPD, substantially higher than the minimum
geocoding rate of 85% recommended by Ratcliffe (2004).
In addition to measuring the effect of the sub-station on crime, we were interested in
identifying potential causal mechanisms of the observed findings. As such, we included six
output measures in a process evaluation: arrests, field interrogations, quality-of-life (QOL)
summonses, directed patrol activities, motor vehicle parking summonses, and motor vehicle
moving summonses. Arrests, field interrogations, and quality-of-life summonses are the primary
enforcement activities systematically collected by the NPD and are central output measures in
their weekly Compstat meetings (Jenkins and DeCarlo, 2015). Arrests and field interrogations
were provided as GIS shapefiles, with geocoding rates (98.1% and 97.4%, respectively) similar
to the crime data. While QOL summonses for 2010-2012 were provided as GIS shapefiles, data
for all other years were provided in spreadsheet format and manually geocoded by the research
team. The match rate of the QOL summonses was comparable to the other layers at 95.9%
In addition to the types of enforcement actions typically monitored by command staff, we
were interested in including activities that may be more reliant upon the discretion of individual

4

We decided against including three Part 1 crime measures for the following reasons. We excluded arson because
the sub-station activities did not directly target this crime type and the Newark Fire Department, rather than NPD, is
tasked with tracking its occurrence. Rape was excluded because the NPD did not believe it was susceptible to the
place-based strategies conducted by the metro unit given its predominate occurrence in private settings. Lastly, due
to the large number of commercial establishments in the area, most reported theft incidents pertained to shop lifting
of stolen items within indoor venues (e.g. restaurants). Through our conversations with NPD officials, it was
determined that the public patrols of the sub-station officers would likely not affect such activity. Thus, of
observation of thefts was restricted to theft from auto.
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officers or their immediate supervisors (i.e. sergeants). In an attempt to identify such relevant
measures, we obtained all calls-for-service incidents recorded within the NPD’s computer-aided
dispatch (CAD) system over the study period. We reviewed the event types contained within the
data to identify relevant police activities that were present in each of the nine years of the study
period (2009-2018). This process led us to extract all directed patrol and traffic enforcement
incidents (parking summonses and moving summonses), which research suggests represent the
most common proactive activities conducted by patrol officers (Lum et al., 2018). Officers report
to the dispatcher each time a moving summons or parking summons is issued for the purpose of
recording the event and conducting the necessary checks (e.g. a record check of the driver and/or
verification that the vehicle in question was not previously reported stolen). Directed patrols
relate to instances where NPD officers maintain their presence within a concise area, typically a
micro-place such as street corner or street segment, for an extended period of time. At the
commencement of a directed patrol, the police officer or their supervisor radios the dispatcher to
inform of the activity, making the officer unavailable to respond to a call for service before the
conclusion of the patrol (unless a call is a serious emergency or no other patrol cars are available
to respond). Geocoding rates for directed patrols (98.8%), moving summonses (98.5%), and
parking summonses (99.2%) are comparable to the other study data.
Synthetic Control Matching
To evaluate whether the opening of the sub-station generated a crime reduction it is important to
incorporate reasonable control areas. This was accomplished via the microsynthetic control
method, which has been applied in similar fashion recently in evaluations of place-based crime
reduction interventions (Robbins, Saunders, and Kilmer, 2017; Rydberg, McGarrell, Norris, and
Circo, 2018; Saunders et al., 2015). This was used, as opposed to propensity score matching (e.g.
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Braga, Hureau, and Papachristos, 2012; Haberman, Clutter, and Henderson, 2018; Piza, 2018b;
Zakrzewski, Wheeler, and Thompson, 2019) mainly because street units subjected to the
treatment are clustered into one area, so it does not make sense to evaluate crime reductions from
street unit to street unit. Rather it is more appropriate to calculate an overall crime reduction due
to the sub-station, and to draw a statistically equivalent control area that mimics pre-intervention
crime trends, as well as being similar in its demographics and aspects of the built environment.
For place-based policing evaluations, the microsynthetic control method is advantageous over its
prior iteration, synthetic controls (Abadie & Gardeazabal, 2003), due to its explicit focus on
micro-level units of analysis and it’s ability to effectively incorporate time-invariant and timevariant covariates (Robbins & Davenport, 2019).
Synthetic control estimates do this by creating a weighted vector of control units, which
the weights can then be aggregated to create a single control unit that matches the preintervention trends as close as possible. This improves upon differences-in-differences analysis,
where one typically chooses an ad-hoc control area, in that the parallel trends assumption is by
construction met. The weights in this analysis are calculated via generalized raking, which is a
technique often used to re-weight survey estimates to better mimic the overall population. But
here they are used to make the control units mimic the treated units.
In total, the synthetic control procedure incorporated nine covariates to match control
street units to the target street units:
1: Number of overall crime incidents experienced during each of the three-year preintervention periods. This covariate ensures that control units experienced comparable crime
issues and crime trends as the units targeted by the sub-station.
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2: Urban enterprise zone. We compare street units from the target area, predominately
comprised of commercial properties, with street units from similarly comprised areas of Newark.
Each street segment was coded as falling within Newark’s urban enterprise zone (UEZ) or not, as
measured within ArcGIS (10.4.1). New Jersey’s UEZ program was enacted in 1983 for the
purpose of fostering an economic climate that revitalizes designated urban communities by
authorizing a reduced sales tax in the area in addition to other benefits.5 In this sense, a UEZ
mirrors a BID’s focus on urban revitalization albeit absent the supervision of a not-for-profit
organization and revenue raised from self-imposed taxation. The UEZ encompasses downtown
Newark and extends throughout all of the main commercial corridors in the city.
3: Proportion of pre-intervention high-crime street units in the surrounding census block
group. In addition to crime levels on an individual street unit, proximity to other high crime units
is an important consideration (Braga, Hureau, and Papachristos, 2012). A high-crime street unit
that clusters with other high-crime street units may present different law enforcement challenges
than a high-crime street unit in isolation. To identify overall concentration of high-crime units,
we calculated a Location Quotient (LQ) identifying the proportion of high-crime street units in a
block group as compared to their distribution across the entire city.6 Each street unit was
assigned the LQ of their encompassing block group.

5

See http://www.nj.gov/njbusiness/financing/uez/
Adapted from regional planning, LQs allow for the easy identification of areas with features of interest (in this
case, high crime street units) that are higher, lower, or at the expected city-wide rate (Brantingham & Brantingham,
1997). We considered a street unit high-crime if its pre-intervention crime count fell within the 80th percentile
(Braga, Hureau, and Papachristos, 2012). The LQ was then calculated via the formula LQ= (in /tn ) / (iN/ tN), where i
is the frequency of the disaggregate feature of interest (high-crime street unit), t is the frequency of the aggregate
feature of interest (all street units), n is the subset location (census block group) and N is the entire region (Newark).
6
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4: Street unit type. Each street unit was coded as a street segment (coded as “1”) or an
intersection (coded as “0”) to ensure that similar numbers of each type were included in the
treatment and control groups (Braga, Hureau, and Papachristos, 2012).
5: Principal roadway. Prior research has found that characteristics of street networks can
generate crime, with more frequently used streets presenting potential offenders with more crime
opportunities than less busy streets (Davies and Johnson, 2015; Summers and Johnson, 2017).
Each street segment was coded either as a principal roadway (coded as “1”) or as part of another
roadway classification (coded as “0”). All street intersections coming into contact with at least 1
principal roadway were coded as “1.”
6: Length of street unit. Length of the street unit was incorporated to account for
exposure to potential crime occurrence, with longer street segments offering more crime
opportunities relative to shorter street segments (Schnell, Braga, and Piza, 2017). Street
intersections were coded as “0” given they were represented as points rather than lines in a GIS
(i.e. they had no “length”).
7: Number of enforcement actions conducted during the three-year pre-intervention
period. As is the case with any police agency, the NPD has made numerous efforts to control
crime at high crime places. As such, any targeted police intervention represents the latest attempt
to control crime rather than a newfound interest in doing such, which matching algorithms
should account for (Piza, 2018b). Pre-enforcement actions were included to reflect the level of
law enforcement activity within each street unit during the three-year pre-intervention period.7

7

We collected three specific enforcement types in light of their central role in the NPD’s street-level operations and
Compstat performance measurement processes (Jenkins and DeCarlo, 2015; Piza, 2018a): arrests, quality of life
(QOL) summonses, and field interrogations (i.e. pedestrian stops).
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The synthetic control matches also accounted for demographic factors of the surrounding
census block group. Prior policing evaluations have used residential measures such as poverty,
unemployment, and the percentage of Black residents in their matching algorithms (e.g. Braga,
Hureau, and Papachristos, 2012; Robbins, Saunders, and Kilmer, 2017; Saunders et al., 2015).
Such measures have less relevance for the current study area given it is a commercial area. One
of the 10 block groups intersecting the target area has a residential population of zero, illustrating
our inability to rely on residential measures. We collected census data that more readily pertains
to commercial land usage, as outlined below.
8: Percent of new construction in census block group. We identified the percentage of
structures in the surrounding block group that were new construction, defined as built since the
year 2000. This variable reflects the real estate development recently emphasized by Newark
officials.
9: Percent of units occupied in census block group. We measured the percentage of units
in the block group that were actively occupied (i.e. non-vacant). This variable was considered a
measure of the active land usage within the area.
We conducted synthetic control matching using the R package microsynth (Robbins,
Saunders, and Kilmer, 2017). This approach allows one to assess balance for the time invariant
demographic and built environment characteristics previously listed, as well as to identify
whether the constructed control area follow the pre-crime trends. The algorithm implemented in
microsynth was able to calculate a weighted control area (via generalized raking) that perfectly
matched the aggregate characteristics of the treated areas, which are shown in Table 1.
Note the treated area numbers represent the cumulative totals over the entire treated (and
weighted control) areas. So, for example, there were a total of 119 violent crimes within the
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treated areas from Sep-11 to Aug-12, and the constructed weighted control group also has 119
violent crimes in 2011. The synthetic control procedure was able to generate exact matches for
all of the time invariant characteristics, as well as the time varying crime control characteristics.
Supplementary analysis of different enforcement outcomes and crime subtypes also produced
exact matches on the same time invariant and time varying characteristics.
Table 1. Balance Table for Treated and Weighted Control Area
Variable
Treated Area Weighted Control Area
Urban Enterprise Zone
254
254
Street Segment
194
194
Principal Roadway
118
118
Street Segment Length (feet)*
181.23
181.23
Percent New Housing Structures*
4.74
4.74
Percent Occupied Structures*
64.45
64.45
Enforcement Actions
7,287
7,287
Location Quotient High Crime
361.07
361.07
Violent Crimes
Sept. 2011 – Aug. 2012
119
119
Sept. 2010 – Aug. 2011
65
65
Sept. 2009 – Aug. 2010
51
51
Property Crimes
Sept. 2011 – Aug. 2012
372
372
Sept. 2010 – Aug. 2011
336
336
Sept. 2009 – Aug. 2010
239
239
Total N
314
314
*Units are expressed as an average over each, not the cumulative sum.

Treatment Effect Estimation
Following the creation of the control group, one can generate effect estimates as well as
graphs to show the linear difference-in-difference estimates of aggregated crime counts in the
treated compared to the control area. To do this, one takes the difference in the total summed
outcome Y among all treated units j and year t, and subtracts the weighted sum of the control
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units over the same time period, where the w weights for the control units are calculated as
previously described, and in total create a single synthetic control unit.
Treated

Control

Treatment Effect = - . /01 5 − - . 70 ⋅ /01 5
0134

0134

We conduct these estimates for individual years (via graphs), as well as for cumulative subtotals
of three year subsets as previously mentioned due to changes in the nature of the intervention.
To assess statistical significance of the synthetic control results, 99 placebo tests were
estimated.8 This procedure creates a standard error of the estimate of the treatment effect by
randomly permutating the treatment status among the original street units (so a random set of
314 street units will be assigned to treatment), and reconduct the same synthetic control analysis.
Under random permutation, one would expect the placebo treated units to have no impact on
crimes post treatment, but it will vary around zero. Using this variation under the null then
allows us to estimate a standard error around our treatment effect estimate, without relying on
any particular distributional assumptions of the treatment estimate. Our analysis of crime
changes used a 99% confidence interval, which is more conservative than the 95% interval
typically used in the social sciences. This increased the rigor of our analysis, as any observed
changes would be considered particularly robust given the more stringent significance threshold.
To assess potential geographic displacement or diffusion of benefits, we excluded all
street units (N=248) within two blocks of the target area, identifying these units as the catchment
area for use in the test of spatial displacement or diffusion of benefits (Clarke and Weisburd,

8

Using 99 placebo tests is the default setting in the microsynth package. Due to the computation time associated
with the number of models we conducted (36) we decided against increasing the permutation tests. However, prior
to publication of this article, we re-ran all models using 999 placebo tests as a sensitivity check, which did not
qualitatively change the inferences made throughout this article. Due to time constraints, findings resulting from the
999 placebo tests are not included in text but are available from the lead author upon request.
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1994). This left us with 314 treated units and 9,738 untreated units for use in the synthetic
control procedure. Then we conducted an additional synthetic control analysis to assess whether
spatial displacement or diffusion of benefits occurred following the opening of the sub-station. In
this analysis, we considered the 248 street units falling within the catchment area as the treated
group and drawing new street units as synthetic controls. For all program output measures, the
aforementioned synthetic control process was used to measure if the levels of police activity
significantly changed in the target area during following the opening of the sub-station.9
Weighted Displacement Differences
The microsynthetic crime analysis provides measures of crime changes (relative to controls) in
both the target area and surrounding catchment area following the opening of the sub-station. For
the purpose of providing a single metric of effect for all crime types, we conclude the crime
analysis by calculating a weighted displacement difference (WDD) (Wheeler and Ratcliffe,
2018) for each crime type. The WDD builds upon the popular Weighted Displacement Quotient
(WDQ) (Bowers and Johnson, 2003) by including a test that calculates standard errors and
conducts a significance test to distinguish significant crime increases for those caused by chance.
The WDD accounts for crime changes in the treated, control, and displacement (i.e. catchments
around treated and control units) areas to estimate the numbers of crimes prevented or generated
by the intervention. Under the assumption that the crime counts follow a Poisson distribution, the

9

We initially planned on including the QOL ambassador activity in the synthetic control analysis, but this data were
contained within an online reporting system that did not become functional until January 2013. Given that preintervention data were not available, we could not include QOL ambassador activity in the main analysis. However,
as an exploratory test, we plotted normalized Poisson crime count changes (from pre- to post-intervention period)
and counts of QOL ambassador activity to determine whether there was a relationship between these data (Wheeler,
2016). These findings are reported in an appendix available as online supplemental material. From this analysis, it
does not appear that the total number of QOL ambassador activity is associated with subsequent changes in the
number of crimes over time Note that we achieved a geocoding rate of 97.5% for the QOL ambassador activity with
the provided XY coordinates.
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variance and standard error of the observed WDD are calculated to estimate a 95% confidence
interval around the WDD. For the current study, WDDs, associated standard errors, and
significance levels were calculated using the publicly available spreadsheet created by Wheeler
and Ratcliffe (2018).

Results10
Figures 2, 3, and 4 display the synthetic control estimates for the violent crime types: aggravated
assault, murder, and robbery. Each figure shows in the left-hand panel that the created synthetic
control area matches pre-intervention crime trends exactly. Post-intervention aggravated assaults
were similar to the synthetic control in Sep-12 to Aug-13. Over the subsequent years, aggravated
assault counts in the synthetic control drastically increased while the target area saw a decrease.
The post-intervention pattern for murder was similar across the treated and synthetic control
areas, showing a fair amount of yearly fluctuation. For robbery, both the treated and synthetic
control areas experienced general declines over the post-intervention period, but counts were
consistently higher in the treated area.

10

Data and code to replicate the microsynth analysis can be downloaded at
https://www.dropbox.com/s/jaglvox4yofinou/data_code_NDD.zip?dl=0.
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Figure 2. Synthetic Control Effect Estimates for Aggravated Assault (9/1/12-7/23/18)

Figure 3. Synthetic Control Effect Estimates for Murder (9/1/12-7/23/18)
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Figure 4. Synthetic Control Effect Estimates for Robbery (9/1/12-7/23/18)

Figures 5, 6, and 7 display the synthetic control estimates for the property crime types:
burglary, motor vehicle theft, and theft from auto. In the treated area, burglary decreased in Sep12 to Aug-13 before increasing from Sep-13 to Aug-15. In the synthetic control area, burglary
counts experienced a much steeper initial increase and were higher than the treated area from
Sep-12 to Aug-14. Burglary generally decreased in both areas from Sep-15 to Jul-18 with the
treated and synthetic control areas exhibiting similar counts. The post-intervention period
differences between the treated and synthetic control areas was most pronounced for motor
vehicle theft. The treated area experienced a steep reduction from Sep-12 to Aug-16. A slight
increase occurred in Sept-16 to Aug-17, which gave away to a reduction in Sep-17 to Jul-18.
Theft from auto displayed a similar trend as robbery, with general declines in both treated and
synthetic control areas. However, while theft from auto counts were higher in the treated area
than the synthetic control from Sep-12 to Aug-15, counts were lower in the treated area from
Sept-15 onwards.
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Figure 5. Synthetic Control Effect Estimates for Burglary (9/1/12-7/23/18)

Figure 6. Synthetic Control Effect Estimates for Motor Vehicle Theft (9/1/12-7/23/18)
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Figure 7. Synthetic Control Effect Estimates for Theft from Auto (9/1/12-7/23/18)

Table 2 displays the estimated crime reduction in the treated area as well as 99%
confidence interval for the crime differences.11 In the immediate three-year period, the treated
area experienced approximately 56 and 72 less burglary and motor vehicle theft incidents,
respectively, than the synthetic control. In both cases, the upper and lower bounds of the 99%
confidence interval suggested a significant reduction. Theft from auto, conversely, was higher in
the treated area than the control by approximately 85 incidents. This increase fell within the 99%
confidence interval. In the subsequent three-year period, motor vehicle thefts in the treated area
reduced by approximately 70 incidents as compared to the synthetic control. Theft from auto,
which experienced an increase from Sept-12 to Aug-15, decreased by approximately 65 incidents
from Sep-15 to Jul-18.

11

Due to space constraints, the catchment area crime figures for the synthetic control estimates are not provided intext but are displayed in an appendix available as online supplemental material.
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Table 2. Individual Crime Type Change Estimates
Crime Category

Incidents:
9/1/12-8/31/15

Difference

99% Confidence
Interval

Incidents:
9/1/15-7/23/18

Difference

99% Confidence
Interval

Aggravated Assault
Treated
Synthetic Control

51
58.82

-7.82

-37.32 to 20.33

38
73.95

-35.95

-77.73 to 11.70

Murder
Treated
Synthetic Control

4
3.44

0.56

-7.25 to 7.54

2
2.88

-0.88

-9.17 to 7.29

Robbery
Treated
Synthetic Control

234
194.31

39.69

-16.96 to 80.10

88
85.42

2.58

-41.84 to 29.17

Burglary
Treated
Synthetic Control

60
116.37

-56.37

-110.66 to -23.27

47
44.59

2.41

-28.68 to 32.08

Motor Vehicle Theft
Treated
Synthetic Control

86
158.90

-72.90

-135.43 to -16.97

58
128.37

-70.37

-153.76 to -27.13

Theft from Auto
Treated
Synthetic Control

309
223.16

85.84

33.34 to 137.29

113
178.56

-65.56

-131.32 to -24.35
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Table 3 displays the estimated crime reduction in the catchment area over the postintervention period, which measures the potential crime displaced by the opening of the substation. From Sep-12 to Aug-15, significant displacement effects were observed for robbery and
theft from auto, which increased by approximately 108 and 280 incidents, respectively. During
this same time period, burglary decreased by approximately 92 incidents, exhibiting a diffusion
of benefits effect. In the subsequent three-year period, displacement effects were again observed
for robbery and theft from auto, with increases of approximately 54 and 68 incidents,
respectively. Diffusion of benefits was observed for motor vehicle theft, with a reduction of
approximately 181 incidents in the catchment area.
Table 4. displays the weighted displacement differences, which combines the crime
change findings in the target and catchment area into a single measure of effect. From Sep-12 to
Aug-15, burglary and motor vehicle theft experienced overall reductions of approximately 148
and 88 incidents, respectively. Robbery and theft from auto experienced overall increases of
approximately 148 and 366 incidents, respectively. From Sep-15 to Jul-18, motor vehicle theft
reduced by approximately 252 incidents. Robbery increased by approximately 57 incidents.
We conclude our analysis with a process evaluation of the program outputs. Table 5.
displays the police activity changes in the target area compared to the synthetic control.12 From
Sep-12 to Aug-15 none of the police activities experienced any significant changes. From Sep-15
to Jul-18, QOL summonses and directed patrol significantly increased by 1,191 and 721,
respectively, in the target area as compared to the synthetic control. Interestingly, parking
summonses decreased by approximately 181 incidents from Sep-15 to Jul-18.

12

Due to space constraints, the police activity figures for the synthetic control estimates are not provided in-text but
are displayed in an appendix available as online supplemental material.
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Table 3. Individual Crime Type Change Estimates for Catchment Area
Crime Category

Incidents:
9/1/12-8/31/15

Difference

99% Confidence
Interval

Incidents:
9/1/15-7/23/18

Difference

99% Confidence
Interval

Aggravated Assault
Treated
Synthetic Control

38
42.51

-4.51

-32.43 to 19.46

50
35.12

14.88

-31.51 to 47.03

Murder
Treated
Synthetic Control

1
5.40

-4.40

-11.54 to 2.30

2
5.88

-3.88

-8.69 to 4.55

Robbery
Treated
Synthetic Control

159
50.25

108.75

64.24 to 136.00

79
24.26

54.74

24.67 to 84.92

Burglary
Treated
Synthetic Control

58
150.26

-92.26

-149.08 to -49.81

51
46.90

4.1

-25.80 to 25.32

Motor Vehicle Theft
Treated
Synthetic Control

190
205.58

-15.58

-61.02 to 27.42

101
282.85

-181.85

-251.71 to -146.75

Theft from Auto
Treated
Synthetic Control

424
143.39

280.61

233.93 to 328.60

180
111.27

68.73

11.97 to 104.49
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Table 4. Weighted Displacement Differences
Crime Category

WDD:
9/1/12-8/31/15

Standard
Error

95% Confidence
Interval

WDD:
9/1/15-7/23/18

Standard
Error

95% Confidence
Interval

Aggravated Assault

-12.33

16.86

-45.38 to 20.72

-21.07

17.06

-54.51 to 12.37

Murder

-3.84

5.28

-14.18 to 6.50

-4.76

5.17

-14.90 to 5.38

Robbery

148.44

31.62

86.47 to 210.41

57.32

25.25

7.79 to 106.85

Burglary

-148.63

23.42

-194.5 to -102.7

6.51

18.80

-30.34 to 43.36

Motor Vehicle Theft

-88.48

30.34

-147.94 to -29.02

-252.22

29.16

-309.37 to -195.07

Theft from Auto

366.45

42.82

282.52 to 450.38

3.17

36.29

-67.95 to 74.29

29

Table 5. Police Activity Change Estimates
Enforcement
Category

Incidents:
9/1/12-8/31/15

Difference

99% Confidence
Incidents:
Interval Difference 9/1/15-7/23/18

Difference

99% Confidence
Interval Difference

Arrests
Treated
Synthetic Control

1963
2141.16

-178.16

-1548.10 to 562.01

1124
1111.97

12.03

-895.17 to 453.55

Field Inquiries
Treated
Synthetic Control

1711
1739.87

-28.87

-1073.57 to 494.55

2963
2643.87

319.13

-1084.89 to 753.40

QOL Summonses
Treated
Synthetic Control

613
543.24

69.76

-336.37 to 231.66

1573
381.84

1191.16

649.32 to 1335.67

Directed Patrol
Treated
Synthetic Control

106
195.86

-89.86

-265.80 to 37.18

946
224.98

721.02

209.12 to 897.35

Parking Summonses
Treated
Synthetic Control

527
525.14

1.86

-207.11 to 65.17

370
551.49

-181.49

-339.69 to -97.83

Moving Summonses
Treated
Synthetic Control

665
567.68

97.32

-87.56 to 241.89

806
821.53

-15.53

-384.59 to 175.40
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Discussion and Conclusion
Effects of the NPD downtown sub-station were contextual across crime types as well as the postintervention time period. The most consistent effects were observed for motor vehicle theft and
robbery, though in different directions. Motor vehicle theft decreased in the target area in both of
the three-year post-intervention periods. From Sep-15 to Jul-18, motor vehicle theft also
exhibited a diffusion of benefits effect. The outcome was a negative WDD value (demonstrating
a decrease) in both time periods for motor vehicle theft. Robbery, conversely, exhibited positive
WDD values (demonstrating an increase) in both Sep-12 to Aug-15 and Sep-15 to July-18. This
increase was solely due to spatial displacement, as robbery counts did not significantly change in
the target area during either time period. During Sep-12 to Aug-15, burglary and theft from auto
exhibited significant WDDs, demonstrating a crime decrease and increase, respectively. WDDs
were insignificant for both burglary and theft from auto from Sep-15 to Jul-18. In the case of
burglary, the insignificant WDD represents a true null effect, as microsynth estimates failed to
reject the null hypothesis in either the target area or catchment area. Conversely, theft from auto
experienced a significant decrease in the target area and a significant increase in the catchment
area. Therefore, the insignificant WDD for theft from auto is reflective of a crime decrease being
offset by spatial displacement rather than a true null effect.
Considering the police activity changes alongside the crime findings adds some
important context. From Sep-12 to Aug-15 none of the police actions significantly changed.
From Sep-15 to Jul-18, after the MOU between the NPD and NDD expired, QOL summonses
and directed patrols significantly increased while parking summonses significantly decreased. It
should be noted that the increase of these proactive policing efforts seems to have generated
some positive benefits. From Sep-15 to Jul-18, the period coinciding with the QOL summons
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and directed patrol increases, the motor vehicle theft decrease nearly tripled from the Sep-12 to
Aug-15 period (-88.48 to -252.22). Silver linings can also be seen in the backfire effects, as the
robbery increase from Sep-15 to Jul-18 (57.32) was less than half the amount of the Sep-12 to
Aug-15 increase (148.44).
While we do not have the necessary information about the partnership to state
definitively, it seems that the end of the collaboration between the NPD and NDD may have
provided more opportunities for proactive policing efforts. It is also interesting that parking
summonses significantly decreased following the expiration of the MOU. As the BID of
downtown Newark, the NDD may have primarily communicated concerns of the business
community to the NPD. Parking violations, which can negatively affect business activity by
restricting the flow of customers in the area (e.g. by vehicles with expired meters minimizing
available parking or double-parked vehicles disrupting traffic), may have been less a priority of
the NPD outside of the partnership with NDD. However, as stated earlier, these observations are
speculative as we do not have the necessary information to make a concrete determination. The
nature of the sub-station intervention may also inform the displacement findings. Interestingly,
this is not the first recorded instance of saturation patrol in Newark generating displacement.
Piza and O’Hara (2014) found that, while it led to an overall reduction in violent crime,
Operation Impact (a saturation foot-patrol intervention) generated significant displacement of
robbery. In considering this finding, Piza and O’Hara (2014) noted the highly visible and
predictable nature of the patrols, with the Operation Impact officers patrolling a pre-defined
target area from 6pm through 2am daily. This may have enabled offenders to diagnose exactly
where the increased police presence ended and where the lower-risk area (in terms of
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apprehension by police) began. Similarly, the sub-station deployed officers for a precise time
period daily (2 shifts from 8am to 12am) within a contiguous geography, which may have made
the intervention vulnerable to displacement.
The spatial displacement findings may also be explained by the composition of the target
area. Environmental criminology has shown that crime generators and crime attractors nearby,
but outside, of a target area can provide offenders with readily accessible alternate targets for
crime (Brantingham and Brantingham, 2003). Central business districts (i.e. downtown areas) are
typically characterized by high-activity locations that can be defined as crime generators or
crime attractors (Clutter, Henderson, and Haberman, 2019; Haberman and Stiver, 2018). Given
that the sub-station target areas only covered about half of downtown Newark, potential
offenders deterred from committing a crime in target area need not travel far to locate an
alternate crime target. In fact, partially for this reason, the NPD expanded the target area of the
sub-station in late July 2018 to include the entirety of downtown Newark as well as the areas to
the immediate north and south.
Despite these findings, this study, like most research, suffers from specific limitations
that should be mentioned. While we attempted to include a wide array of police activities in our
process evaluation, we were limited to what was contained within official NPD data sources. As
noted by Lum et al. (2018), many proactive police actions are not reported by police, so
proactivity in Newark may not have been sufficiently measured. While we took the increase of
police officers as a given, measuring the dosage of police officer presence (rather than just police
officer activity) would have allowed us to more precisely measure this potential causal
mechanism. Recent research has advocated for modern GPS tracking technologies, such as
automated vehicle locators, as an innovative method to generate measures of police officer-
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outputs in evaluations of place-based policing programs (see Piza, Kennedy, and Caplan, 2018:
495-496), which are not deployed by NPD. We were further restricted to observing only duringintervention levels of QOL ambassador activity given the timing of the NDD’s online reporting
system, which was not functional until five months after the opening of the sub-station. In total,
the QOL ambassadors recorded 82,685 (about 37 per day) incidents of concern in downtown
Newark over the approximately six-year study period. 52,867 (about 24 per day) occurred in the
target area. Absent the pre-intervention QOL ambassador activity data, we were unable to
determine whether there was any significant change in the number of QOL ambassador reports.
While recognizing the benefits of synthetic control groups, we note that our analysis may
have been affected by the absence of certain potentially relevant covariates. Since the opening of
the Prudential Center arena in 2007, downtown Newark has steadily experienced a great deal of
economic revitalization. We attempted to control for this fact by including percent newly
constructed buildings as a covariate in our synthetic control matching algorithm. However,
newly constructed buildings are only one measure of economic revitalization. Other measures,
such as better maintained streets, new street lights, and renovation of existing buildings, also
represent economic revitalization. Unfortunately, such measures are not readily available,
meaning we are unable to ensure they were present as often in the synthetic control area as in the
target/catchment areas.
Prior synthetic control evaluations have used the residential population of target and
control areas in order to make per-capita crime comparisons (Robbins, Saunders, and Kilmer,
2017; Saunders et al., 2015). As previously discussed, residential population was not relevant to
our study because the sub-station opened in a commercial area, with residential populations at or
near zero in many of the encompassing block groups. An alternate approach would have been to
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use the ambient population, a 24-hour estimate of the expected “on-street” population in a given
area (Andresen, 2011), which is available to the research community via Oak Ridge Laboratory’s
LandScan database (Andresen, 2011; Kurland, Johnson, and Tilley, 2014; Piza, 2018b; Piza and
Gilchrist, 2018). Unfortunately, our longitudinal design was not compatible with LandScan, as
Oak Ridge Laboratory updates their measurement parameters with each version of the software
and instructs users to not use the data to measure annual changes in ambient population.13
Nonetheless, given that the treated units in downtown Newark were compared to controls in the
UEZ (comprised of commercial areas), we find it reasonable that the ambient population was
similar in both treated and control street units throughout the study period.
Noting these data limitations, the current study has implications for police sub-stations.
First, it is important to note that Newark’s sub-station was not a stand-alone facility, but the
headquarters of a police unit given jurisdiction over the target area. Therefore, the opening of the
sub-station represented an increase in visible police presence. Further, as the police activity
models indicate, sub-station intervention activities involved an increase in certain proactive,
place-based policing activities. As such, the treatment observed in this study goes beyond the
construction of a new police facility. With that said, the opening of such a sub-station seems to
be effective in preventing incidents of motor vehicle theft and, to a lesser extent, burglary. In the
case of motor vehicle theft, the effect is heightened when accompanied by increases in proactive
policing activities. However, agencies wishing to effectively address robbery and theft from auto
may have to design sub-station strategies in a manner that more directly influences offender
decision making. For one, patrols could be deployed in a manner that makes the precise target
area boundary more difficult to ascertain. Perhaps this can include organizing the target area into

13

See https://landscan.ornl.gov/frequently-asked-questions
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small “hot-spot” areas and fluctuating patrols across the different hot spots on a periodic basis.
Such a strategy fits the “crackdown-back off” recommendation made by Sherman (1990). To
maximize resources further, patrols could be scheduled for short intervals (e.g. 15-minutes) at
hot spots, given research has shown that short, intermittent hot spot patrols can generate
significant crime reductions (Koper, 1995; Telep, Mitchell, and Weisburd, 2014). The start and
end times of the sub-station tours of duty could be varied from day-to-day to make potential
offenders unaware of precisely when the patrols are occurring (though, changing police officer
patrol schedules may face objections from police unions). In sum, the effect of future substations will likely depend much more on the associated police activities in the area than the
presence of a new police facility.
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Appendix
The Crime Control Effects of a Police Sub-Station Within a Business-Improvement
District: A Quasi-Experimental Synthetic Control Evaluation
Figure A3. Synthetic Control Effect Estimates for Robbery in Catchment Area (9/1/127/23/18)

Figure A4. Synthetic Control Effect Estimates for Burglary in Catchment Area (9/1/127/23/18)
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Figure A5. Synthetic Control Effect Estimates for Motor Vehicle Theft in Catchment Area
(9/1/12-7/23/18)

Figure A6. Synthetic Control Effect Estimates for Theft from Auto in Catchment Area
(9/1/12-7/23/18)
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Figure A7. Synthetic Control Effect Estimates for Arrests (9/1/12-7/23/18)

Figure A8. Synthetic Control Effect Estimates for FIs (9/1/12-7/23/18)
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Figure A9. Synthetic Control Effect Estimates for Quality of Life Summonses (9/1/127/23/18)

Figure A10. Synthetic Control Effect Estimates for Proactive Patrols (9/1/12-7/23/18)
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Figure A11. Synthetic Control Effect Estimates for Parking Violations (9/1/12-7/23/18)

Figure A12. Synthetic Control Effect Estimates for Moving Violations (9/1/12-7/23/18)
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Note on the below figures:
We plotted normalized Poisson crime count changes (from pre- to post-intervention period) and
counts of QOL ambassador activity to determine whether there was a relationship between these
data either within the target area or other places in downtown Newark. It does not appear that the
total number of QOL ambassador activity is associated with subsequent changes in the number
of property or violent crimes over time for either treated or control street units. As such, it does
not appear that QOL Ambassador had any significant relationship to crime level changes.
Figure A13. Quality of Life Ambassador Activity and Property Crime Z-Score (9/1/128/31/15)
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Figure A14. Quality of Life Ambassador Activity and Property Crime Z-Score (9/1/157/23/18)

Figure A15. Quality of Life Ambassador Activity and Violent Crime Z-Score (9/1/128/31/15)
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Figure A16. Quality of Life Ambassador Activity and Violent Crime Z-Score (9/1/157/23/18)
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